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An improved hybrid grey wolf optimization algorithm based on Tent mapping

TENG Zhijun, LU Jinling, GUO Liwen, XU Yuanyuan

(School of Electrical Engineering, Northeast Electric Power University, Jilin 132012, Jilin, China)

Abstract ; As the grey wolf algorithm is easy to fall into local optimum and lack of consideration of own experience,
this paper proposes a grey wolf optimization algorithm based on particle swarm optimization (PSO_GWO). Firstly,
it generates the initial population through Tent chaotic map, which increases the diversity of the population. Then,
this paper adopts non-linear control parameters. Its decline speed is slow in the early stage, which can increase the
global search ability and prevent the algorithm from falling into the local optimum. The decline speed is quick in the
later stage, which can increase the algorithm’ s local search ability and improve the overall convergence speed.
Finally, the idea of particle swarm optimization is introduced to update the position information of individual wolves
by combining the best value of the individual with the best value of the population, so as to preserve the best
position information of the wolves. In order to verify the effectiveness of the algorithm, this paper compared it with
three other algorithms. The experimental results suggested that the solution searched by this paper is more ideal than
the other three algorithms on the unimodal function and the multimodal function. The PSO_GWO algorithm worked
better than the IGWO algorithm (the improved grey wolf optimization algorithm) in calculating the time complexity ;
as the population size increased, the convergence value of the PSO_GWO algorithm gradually approached the ideal
value. So the proposed algorithm can quickly search the global optimal solution and has better robustness.
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Fig.1 Grey wolf social class system
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Fig.2  Grey wolf location update schematic
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Fig.3 GWO algorithm optimization flow chart
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Fig.4 Tent chaotic map bifurcation
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Tab.3  Optimization results of PSO and PSO_GWO algorithms

PRI Rk FHIE bRiE2E EARIREK
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o PSO 1.60x107'2 2.02x107"2 103
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Tab.4  Optimization results of GWO, IGWO, and PSO_GWO algorithms
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F2 50 1.63x1071¢ 5.32x1071¢ 2.45%107%° 3.55%x107% 2.53x107% 6.32x107%
100 7.06x10716 1.87x1071'6 0.93x107% 1.77x107%° 7.67x107% 2.46x107%
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F5 50 3.61x10! 3.12x1072 3.17x10" 3.47x1072 2.70x10" 4.01x1072
100 4.71x10" 8.17x1072 3.96x10" 2.16x1072 2.81x10" 0.87x1072
30 1.50x107° 1.22x107* 3.49x107 7.50x1073 2.22x107% 8.49x107°
F6 50 1.03x107° 1.75%x107° 9.76x1077 8.90x107¢ 3.18x1078 1.95x1077
100 0.58x107° 2.64x107° 1.04x1077 3.75x1077 2.17x1077 3.95x1077
30 3.18x1071 1.95x107 ™ 3.65x1071 1.82x10713 1.18x107"7 2.12x107"
F7 50 4.90x107 "3 1.81x107 1 3.13x107 ™ 3.49x1071 7.82x107"7 4.83x107"7
100 5.33x10712 17x10712 1.45x107" 8.61x107" 5.15x107'° 2.91x107'°
30 3.12x1071¢ 6.31x107" 2.02x107"7 3.34x1071¢ 4.16x107% 1.53x107%
F8 50 6.18x1071¢ 5.68x107% 1.02x107Y7 1.34x1071¢ 7.96x107% 8.33x10722
100 3.12x107" 3.46x107"° 5.36x1071° 1.14x107" 1.21x1072 3.24x107%
30 7.10x10713 7.08x10713 4.16x107" 9.51x107"2 9.31x10™ 3.22x107™
F9 50 7.91x1071 1.28x10712 1.02x107 12 1.36x10712 7.71x107 5.52x107
100 1.47x10712 1.16x10712 7.53x107 12 2.15x10712 1.08x107 1 7.06x107 13
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Tab.5 Run time of GWO, PSO, IGWO, and PSO_GWO algorithm
] PSO GWO IGWO PSO_GWO
TIC/TOC CPU TIC/TOC CPU TIC/TOC CPU TIC/TOC  CPU time
F1 1.036 21 0.037 08 11.03432  0.037 603 11.036 47  0.044 80 11.037 74 0.038 515
F2 1.090 12 0.048 36 11.089 61  0.047 23 11.094 55 0.051 73 11.09200  0.048 79
F3 1.025 11 0.005 928 11.01921  0.058 76 11.026 80 0.005 992 11.02528  0.006 192 3
F4 1.018 95 0.001 466 11.014 59  0.001 464 11.019 950  0.001 483 11.01932  0.001 473
F5 1.013 55 0.017 316 11.014 69  0.015 391 11.01502  0.019 324 11.014 868  0.019 125
F6 1.026 85 0.036 240 11.02353  0.035 18 11.03150  0.040 136 11.026 99 0.039 902
F7 1.015 58 0.054 60 11.015 633 0.054 664 11.017 72 0.057 14 11.016 86 0.054 928
F8 1.017 7 0.024 48 11.01591  0.021 616 11.018 62  0.025 152 11.018 25  0.024 86
F9 1.042 50 0.001 540 11.039 85  0.001 34 11.051 92  0.002 07 11.044 61  0.001 73
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Fig.9 Convergence curves of PSO, GWO, IGWO, and PSO_GWO on unimodal functions
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Tab.6  Results of optimization of PSO_GWO for different population sizes
PSO_GWO
PR
Fl F2 F3 F4 F5 F6 F7 F8 F9
20 FHME 4.63x107°  1.44x107°  1.22x107%  4.31x107"  2.68x10! 2.22x107%  1.18x1077  4.16x1072  9.31x107
FRifEZ 3.61x107°  5.18x107%  4.86x107%  4.51x107°  1.01x1072  8.49x107°  2.12x107"7  1.53x107%2  3.22x107'*
3 FHME 7.02x107°  1.73x107%°  9.58x107%  8.25x107*  2.67x10! 9.36x107%  0.74x107"  1.96x1072  7.87x107™
FRifEZE 4.95%x107%°  1.15x107%  6.73x107%  5.63x1072%  1.72x107%  2.15x107%  3.81x107'®  2.18x107%2 5.71x107'*
10 Y 1.78x107%2 1.39x107% 1.32x107%  1.51x107°  2.65%x10' 8.88x1070  7.95x107'¢  0.86x1072  1.84x107'*
FRifEZE 9.32x107%"  8.14x19%  7.96x107%  7.72x107  1.26x1072  4.37x107°  2.06x107'¢  1.58x107%2  6.70x107'*
45 FHE 1.09x1072  4.11x107%  4.14x107%°  8.63x107F  2.62x10! 3.05x10™°  3.09x107'¢  7.58x107%  0.11x107*
bRifEZE 7.68x107%2  2.80x107*  2.92x107%  6.24x1077  1.46x1072  3.01x10™°  6.84x107"7  5.16x107%  5.27x107'"*
- FHE 7.22x107°  0.14x107%  4.22x107%°  1.96x107F  2.58x10'  8.43x107'° 2.38x107"7  3.84x107*  8.13x107"
PR 3.87x107%  3.97x107%  2.16x107%  6.09x107°  1.17x1072  3.35x107°  2.39x107'®  6.15x107*  3.05x107"
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